Modeling of uncertain physical and geometric properties in the large scales, intrinsic randomness in the small scales or incorporation of stochastic closures necessitate the use of stochastic simulations in many multiscale problems, heavily taxing computational resources. The emerging exascale computers will allow stochastic simulations of realistic systems but analyzing exascale databases with existing methods can be too inefficient, and full-scale models cannot be used in optimization or real-time control loops. In this project, we propose to develop a new computational framework to address these issues.
The overarching concept of this proposal is to develop a rigorous mathematical framework and scalable uncertainty quantification algorithms on exascale computers to efficiently construct realistic lowdimensional input models and surrogate low-complexity systems for the analysis, design and control of physical systems represented by multiscale stochastic PDEs (SPDEs).
To date, adaptive High Dimensional Model Representation (HDMR) methods have been developed for solving high dimensional stochastic PDE systems, which can greatly reduce the computational cost and enable us to handle high-dimensional problem.
Moreover, a multi-output Gaussian process model has been developed for stochastic problem with discontinuity in the parametric space, which can be used as a surrogate model for high-dimensional SPDE solver for fault detection and fault resilience.
Additionally, scalable multigrid methods have been developed for high dimensional stochastic PDE systems, which can greatly improve the scalability while solving high dimensional SPDE systems at the exascale.
Finally, under this project, diffusion map based nonlinear mainifold tools have been developed for efficient model reduction of high-dimensional, stochastic multiscale systems. Currently, scalable UQ solvers have been employed to do predictive modeling for carbon sequestration with high dimensional randomly heterogeneous permeability field. 
